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a b s t r a c t
A disproportionate share of the global economic and human losses caused by environmental shocks is borne
by people in the developing nations. The mountain region of Hindu-Kush Himalaya (HKH) in South Asia is
threatened by numerous ﬂooding events annually. An efﬁcient disaster risk reduction often needs to rest
upon location-based synoptic view of vulnerability. Resolving this deﬁcit improves the ability to take risk
reduction measures in a cost-effective way, and in doing so, strengthens the resilience of societies to ﬂooding
disasters. The central aim of this research is to identify the vulnerable locations across HKH boundary from
the perspective of reported history of economic and human impacts due to occurrence of ﬂooding disasters.
A detailed analysis indicates a very high spatial heterogeneity in ﬂooding disaster occurrence in the past
6 decades. The most recent decade reported highest number of disasters and greater spatial coverage as
compared to the earlier decades. The data indicates that, in general, economic impacts of ﬂooding disasters
were notably higher in Pakistan, Afghanistan and Nepal. On the other hand, vulnerability scenarios with
respect to human impacts were diverse for different countries. In terms of morbidity and mortality,
Bangladesh, Pakistan, Bhutan and India were detected to be most susceptible to human impacts. Although
Bhutan had seen lesser number of ﬂooding disasters, higher population living within disaster prone region
make them vulnerable. In summary, complex interactions between natural and socio-economic conditions
play a dominant role to deﬁne and characterize the type and magnitude of vulnerability of HKH countries to
disaster occurrence and their economic and human impacts.
& 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/3.0/).
1. Introduction
Hydro-meteorological disasters are signiﬁcant concerns around
the world. The most recent Intergovernmental Panel on Climate
Change (IPCC) Assessment Report (Field et al., 2014) on impacts,
adaptation, and vulnerability highlighted eight major climate risks
the world is facing today—the economic losses due to inland
ﬂooding being ranked as the third most major climate risk only
after coastal ﬂooding and food insecurity. The IPCC Special Report
on Managing the Risks of Extreme Events and Disasters to Advance
Climate Change Adaptation (SREX) report (Seneviratne et al., 2012)
recognized that projected increases in temperature and heavy
precipitation imply regional-scale changes in ﬂood frequency and
intensity. Global ﬂood projections based on multiple Coupled
Model Intercomparison Project version 5 – Global Climate Model
(CMIP5 GCM) simulations coupled with global hydrology and land
surface models showed ﬂood hazards increasing over about half of
the globe, but with great variability at the catchment scale
(Dankers et al., 2014). All these scientiﬁc studies provide the
general consensus that the climatic changes are expected to fuel
the alterations of extreme weather event patterns at the local
scale. On the other hand, changes in socio-economic and demo-
graphic patterns are also expected to signiﬁcantly modify resultant
losses. IPCC-Assessment Report 5 (AR5) drew on an emerging
body of social science literature to suggest how policymakers
might take practical steps to help communities adapt. The report
also clearly speciﬁes the fact that: “the biggest single barrier to
improving societal resilience to the vagaries of climate is Poverty”
(Field et al, 2014; Kintisch, 2014). As such, we can better offer
potential strategies to adapt and maximize the local resilience to a
changing climate, as well as reduce vulnerability of the regions to
damages from disasters by better preparation, with integrated
knowledge on the natural and societal systems.
The Hindu-Kush Himalaya (HKH), popularly known as world's
“third pole” for containing the third largest fresh water reserve, is
on the front lines of climate change, like many other mountainous
regions (NAS, 2012). One ﬁfth of world's population lives on the
HKH water resources in Asia (ICIMOD, 2014), and a great fraction
of them are exposed to devastating ﬂooding impacts every year.
Several of those ﬂooding events translate to disasters, resulting in
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Fig. 1. Location and demographic information of Hindu-Kush Himalaya region in South-east Asia. (A) Geographic location ranging from Afghanistan in the west to Myanmar
in the east. (B) River basin boundary.
(Source: (A) NAS (2012); (B) ICIMOD (2014)).
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huge economic and human losses (mortality and morbidity)
(Pathak et al., 2008). Although, characteristics of extreme hydro-
climatic events (for example: magnitude, timing, and duration) are
important precursors to analyze with a goal of advancement of the
early warning systems, it is also important to recognize that the
magnitude of disaster losses also relate largely to the social drivers
such as population and property exposure, and institutional
conditions deﬁning differential sensitivity and capacities to envir-
onmental stress (Eakin and Luers, 2006). While disasters are
threatening for both rich and poor, levels of impacts and recovery
differ from one region to another. For example, richer nations are
better equipped, in general, to adapt to the same amount of
economic losses as compared to the poorer nations (Mendelsohn
et al., 2006). Therefore, disaster risk differs to large extent with the
type and magnitude of vulnerability, ranging from frequency,
timing and magnitude of biophysical indicators to population
and property exposure to other socio-economic and institutional
conditions. Hence, the magnitude of relative losses, be it economic
value or mortality or morbidity numbers, are expected to differ
across locations over the HKH region. Many of the HKH mountain
communities survive on less than $2 a day (Sharma, 2014) and it
has more than 40% of the world's poor (Karki et al., 2011), who, as
a result, remains extremely vulnerable to growing climatic and
environmental uncertainties. The immense diversity within this
region needs to be recognized: diversity of climates, and micro-
climates, hydrology and ecology, and, above all, the socio-
economic conditions, human cultures and activities for designing
appropriate initiatives (NAS, 2012).
Recently, one of the major National Academy of Sciences
reports (NAS, 2012) pointed out that this important region is in
trouble, because our scientiﬁc knowledge is limited. That is due to
the fact that the hydro-climatic and socio-economic data available
for this region has been scarce. However, with more and more
satellite remote sensing data and reported socio-economic data
being available, we are getting better equipped to generate more
knowledge on how the extreme events vary across this important
region and what factors (natural and/or social) play the dominant
role to make this region vulnerable to ﬂooding impacts.
The overarching goal of this research is to detect the diversity of
HKH region with respect to vulnerability of affected locations to
ﬂooding disaster occurrence, as well as their resultant economic and
human impacts according to historical record. Comparing spatio-
temporal information of natural precursors as well as the impacts
identiﬁes the areas of composite vulnerability. Although historical
climate variability may not directly correlate with current vulner-
ability of a region to ﬂood disasters, neither that may directly
associate with future vulnerability, because many factors together
deﬁne vulnerability, identifying a region that experienced ﬂood
disasters in the past and present and their concurrent climate
anomaly is our aim here because they together can make the same
region susceptible to disaster risk in the future as well, given all
other factors being unchanged or worse from the past. This can be
used as the basic point for regional case studies on vulnerability
and multifaceted adaptive management strategies. In addition, this
study provides a room to further understand the hydro-climatic
dynamics that are important in the context of anticipated global
climate change that is poorly understood for the HKH region.
Overall, the vulnerability maps produced in this study increases
our basic understanding of the ‘what, where and when’ disaster
impacts occur over the locations and countries across the Hindu-
Kush Himalaya region.
2. Study region
The Hindu-Kush Himalaya (HKH) region covers around 3,441,719
km2 of area around eight countries: Afghanistan, Bangladesh, Bhutan,
China, India, Myanmar, Nepal, and Pakistan (Fig. 1(A)). Around
35,110 km2 of the total area is covered with snow and ice (ICIMOD,
2014). This region is considered the third largest deposit of ice and
snow in the world, after Antarctica and the Arctic (NAS, 2012). These
glaciers affect the region's hydrology because the melt water from
the glaciers feed the rivers and streams, especially in the summer
(NAS, 2012). The region has an access to diversity of natural resources
such as largest rivers, fertile valleys, extreme heights, and beautiful
landscapes view that makes this area having a high density of
population (Karki et al., 2011).
HKH region includes about 60% of Afghanistan boundary, a
fraction of Bangladesh, the entirety of Bhutan, part of China (about
17% of country area), part of India (11 mountain states and about
14% of the total country area), about 47% of Myanmar country area,
the entirety of Nepal, and about 51% of Pakistan country area
(Table 1). The HKH region also contains some of most densely
populated areas (NAS, 2012). The population is concentrated
mostly in India, Pakistan, China and Afghanistan respectively—
almost 34% of the total populations of HKH region are concen-
trated in India (72.36 million, Table 1). Although about 48% of
the geographic area of HKH region falls in China, most population
density are reported in Nepal, India, Bangladesh, and Pakistan
respectively. The population density is extremely important in this
study because it helps to look at where people are vulnerable to
disaster impacts.
The greater Himalayan region is a water resource for 1.3billion
people living in that region (ICIMOD, 2014). It has about ten major
river basins including Amu Darya in Afghanistan, Tajikistan, Turkme-
nistan, and Uzbekistan; Brahmaputra in China, India, Bhutan and
Bangladesh; Ganges in India, Nepal, China and Bangladesh; Indus in
China, India and Pakistan; Irrawaddy in Myanmar; Mekong in China,
Table 1
Total geographic area of each country falling within HKH region (in km2), population of each country living within HKH region (millions), population density of each country
within HKH region (number of people living per km2 geographic area), and proportion of total geographic area of each country falling within HKH region (%).
(Source: ICIMOD (2014) and Population Reference Data (2007)).
HKH Country Total geographic area of
each country falling within
HKH region (km2)
Population of each country
living within HKH region (million)
Population Density of each country
within HKH region (number of
people living per km2 geographic area)
Portion of total geographic
area of each country falling
within HKH region (%)
Afghanistan 390,475 28.48 73 60
Bangladesh 13,189 1.33 100 9
Bhutan 38,394 0.71 15 100
China 1,647,725 29.48 17 17
India 482,920 72.36 150 14
Myanmar 317,640 11.01 34 47
Nepal 147,181 27.8 189 100
Pakistan 404,195 39.36 97 51
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Myanmar, Laos, Thailand, Cambodia and Vietnam; Salween in China,
Myanmar and Thailand; Tarim in Kyrgyzstan and China; Yangtze in
China; and Yellow in China (Fig. 1(B)). Glacier melt contributes to
about 50–80% of the water resource in the western part of Himalaya
(e.g. Satluj and Indus rivers) (Jianchu et al. 2009), in contrast, the
generally smaller central and eastern Himalayan catchments receive
more than 80% of their annual runoff from rainfall and less than 20%
from snowmelt (except the large Tsangpo/Brahmaputra catchment
which receives about 34% of its annual discharge from snowmelt)
(Bookhagen and Burbank, 2010). The rainfall gradient has different
distribution fromwest to east. Monsoon rainfall in the summer (June
to September) is predominant in the central and eastern part of HKH
where up to 70% of annual rainfall is contributed by the summer
monsoon, and westerly weather system or winter rains contribute to
most of the ice, snow and river runoff in the western Himalaya and
Pamir regions. Therefore, the hydro-meteorological drivers to river
ﬂows differ a great deal from the west to the east, which is divided
near the Satluj valley (Bookhagen and Burbank, 2010).
3. Description of the data
3.1. Disaster data
We downloaded the historical disaster information from The
International Disaster Database (EM-DAT, 2014) to identify the
reported ﬂooding disasters that occurred in the entirety of the HKH
region in the last 6 decades (1951–2013). EM-DAT is one of the
Centers for Research on the Epidemiology of Disaster (CRED)'s core
data, which provides objective basis information about the disasters
such as the mortality, morbidity and the related economic damages.
The World Health Organization (WHO) and the Belgian Government
created the EM-DAT database in 1988 to serve the humanitarian
agencies at the national and international levels. It has more than
18,000 world disasters recorded since 1900 to present, which might
not be complete due to communication constraints, especially in the
earlier decades of 20th century. They compiled this information from
different sources such as UN agencies, government organizations,
insurance companies, research institutions and press agencies
(EM-DAT, 2014). The publicly available data we use for this research
is processed and summarized in Table S1 in the Supplementary
Information. This include the start and end dates of disasters, the
country of occurrence, and location information (name of the city or
place where the disasters occurred), the type and sub types of the
disasters (for example, types of ﬂooding events—general or ﬂash
ﬂoods), the reported numbers of mortality and morbidity (note:
there were many unreported human losses especially in the earlier
decades), the associated economic losses in concurrent US dollar
values (note: there were many unreported economic losses especially
in the earlier decades), and the corresponding disaster ﬁle number
(kept in record for future updates). The longitude and latitude
information for each of 155 disaster locations in Table S1, were not
available in EM-DAT. Hence we collected these information from the
“I TOUCH MAP” for each disaster location of interest (http://itouch
map.com/?r=b). Furthermore, there were some reported disasters in
EM-DAT database with missing dates and/or unreasonable lengths
recorded in days/months. After carefully studying the history of
disasters at each of those locations, as well as examining the spatially
nearest neighbors, we excluded some of those cases (but recorded
them for future scrutiny) for the hydro-meteorological analysis.
3.2. Hydro-climate data
Because of political/geopolitical/bureaucratic factors, in many
of the HKH countries, hydro meteorological data are treated as
sensitive data from national defense point of view. In the absence
of the river ﬂow data, temperature and precipitation are the most
critical natural factors to consider to study extreme weather
precursors to ﬂooding over the HKH region. Extreme rainfall
events in the summer season (also known as monsoon period)
dominate over central and eastern part of HKH, while temperature
generally plays a central role for melting snow and glacier ice over
the western part. In addition, winter and springtime mid-latitude
westerly weather systems also govern over the western HKH.
Therefore, part of HKH region falls at the interface of the monsoon
and westerly weather system dominated areas, which is suscep-
tible to ﬂooding caused by either or both types of natural systems
—the most recent example of that being early monsoon ﬂooding in
Uttarakhand area of northwest India.
We collected daily precipitation and monthly temperature data
from multiple sources. First, we used high-resolution (0.25-degree
grids, mm/day) precipitation data—Asian Precipitation Highly-
Resolved Observation Data Integration Towards Evaluation (APH-
RODITE), created by the Research Institute for Humanity and
Nature (RIHN) and Meteorological Research Institute of Japan
Meteorological Agency (MRI-JMA), which we downloaded from
the International Research Institute for Climate and Society data
library (IRI, 2014). This data was available from 1 Jan 1951 to 31
Dec 2007. To ﬁll in the data gaps between Jan 2008 and Dec 2013,
we used satellite precipitation data—Tropical Rainfall Measuring
Mission (TRMM), which is created by National Aeronautics and
Space Administration (NASA) and available from 1 Jan 1998 to 31
Dec 2013. We downloaded NASA-TRMM from the IRI Data Library
as well. To match the gridded precipitation data with disaster
location information (Table S1), we picked four nearest grid points
around each disaster location (lat/long in Table S1) and calculated
the average precipitation for each recorded disaster length 7
7 days. For concurrent temperature analysis, we used a monthly
dataset with 0.5-degree grids from Jan 1951 to Dec 2013, which
was created by National Oceanic and Atmospheric Administration
– National Centers for Environmental Prediction-Climate Predic-
tion Center – Global Historical Climatology Network (NOAA NCEP
CPC GHCN), and also downloaded from the IRI-data library (IRI,
2014). In this case, we considered the overlapping grid points for
each disaster location and timing recorded in Table S1.
3.3. Demographic information and national socio-economic data
We collected regional demographic information from the
International Center for Integrated Mountain Development
(ICIMOD, 2014). This includes total population and population
density (person per km2) of each country living within HKH
region, proportion of HKH boundary (in km2) shared within each
country, proportion of each country area falling within HKH region
(refer to Table 1). We also collected the national socio-economic
data from two different sources: 2012 Gross Domestic Product
(GDP) value from the World Bank (The World Bank, 2014) and the
yearly GDP information from 1961 to 2012 from the United
Nations database (UN data, 2014).
4. Results and discussions
4.1. Spatio-temporal pattern of “reported” frequency of ﬂooding
disasters
Fig. 2(A) shows spatial pattern of total number of ﬂooding
disasters reported in each location over the HKH region within the
study interval (1951–2013). This ﬁgure displays what location is
vulnerable to ﬂooding disaster occurrence as per historical record.
High spatial variability is identiﬁed across the HKH. Parts of
northern Afghanistan and north-western Pakistan in the west
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seem to be showing high vulnerability to disaster occurrence, as
well as north of India and Nepal, and some locations within China
and Bangladesh in the east of HKH. Decadal patterns are illustrated
in Fig. 2(B), which indicates that most disaster cases are reported
in the recent decade (2001–2013) as compared to the earlier
decades. Most notably, the 2013 Uttarakhand ﬂooding event in
India and 2010 Pakistan ﬂooding event, those made world head-
lines, fall within this decade.
The country speciﬁc yearly and decadal trends of frequency of
disasters are in Fig. S1(A) and (B) in the supplementary informa-
tion. These ﬁgures depict that there is a clear time trend in the
reported frequency of ﬂooding disasters over the entirety of the
HKH region, of which most disasters recorded are for Afghanistan,
China, India, Nepal, and Pakistan.
The positive time trends (annual and decadal) in frequency of
reported disasters, as noted in Fig. 2(B) and Fig. S1, might be due to
several reasons—one prominent and perhaps the most signiﬁcant
one for our case is that more number of events are reported in the
recent decades due to better communication systems available. In
addition, the agencies like CRED and the US Agency for Interna-
tional Development (USAID) began to record the disasters since
the 1980s (Than, 2005). However, we do not at all rule out of the
signiﬁcant possibility of the impacts of socio-economic changes
and climatic changes on the frequency of extreme weather events
and resultant disasters (NAS, 2012), nor the institutional dysfunc-
tions. We need to conduct further research in this area, using other
publicly available databases (e.g. Dartmouth Flood Observatory,
MunichRe, and others) to identify whether there are any
Fig. 2. Spatio-temporal patterns of frequency of “reported” ﬂooding disasters. (A) Total frequency of disasters over 1951–2013 showing high number of disasters recorded in
Afghanistan and Pakistan in the west, India and Nepal in the center, and China, Bangladesh, Bhutan and Myanmar in the east. (B) Decade-wise spatial frequency patterns
showing the highest number of disasters reported in the recent decade of 2001–2013.
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consistent time trends in frequency of ﬂooding disasters over HKH
region those associate with climatic changes and socio-economic
factors such as Governance failure, as it was the case for 2008
Koshi ﬂood, and 2013 Uttarakhand ﬂood causing major economic
and human impacts.
4.2. Spatio-temporal pattern of “reported” economic losses
In addition to disaster frequency, historical data also helps us to
detect countries vulnerable to economic losses due to ﬂooding
disasters. We can do this in various different ways—one, by looking
at “reported” total amount of economic losses per disaster frequency
per country, which gives a snapshot view of “total economic impacts”
per disaster reported. Secondly, magnitude of economic losses per
disaster could be standardized with respect to a country's socio-
economic status (e.g. gross domestic product/GDP). This can act as an
important indicator of “relative impacts”. This second indicator helps
us to understand how a country “feels” about or able to deal with
total economic losses due to a disaster occurrence as a function of the
economic growth at the country level. Figs. 3 and 4 report these two
sets of analyses outcomes respectively.
According to the data displayed in Fig. 3(A), historically,
Pakistan experienced the highest economic damages per disaster
as a whole and followed by China and India. The most current
decade reported the highest economic damage in Pakistan, as in
Fig. 3(B), which includes the world's second worst ﬂooding
event in the decade—the 2010 event (IRIN, 2014). Furthermore,
Fig. 4(A) indicates economic losses in US $ values standardized
with respect to the 2012 gross domestic product (GDP) for each
country. The most striking feature of this ﬁgure is that Pakistan
still remains the most vulnerable country in terms of economic
damages, per historical record, as compared to other HKH coun-
tries; however, this time we see Afghanistan and Nepal showing
up higher economic damages as well. Because India and China are
Fig. 2. (continued)
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economically most advanced among the eight countries under
study, the economic losses standardized with respect to their GDP
value reduces the economic impacts drastically for them. Because
Nepal and Afghanistan were much poorer in terms of their country
economic growth in 1981–1990 (Fig. S3), economic impacts in
those countries were much higher in that decade that is showing a
decreasing pattern in the recent decade (Fig. 4(B)). Pakistan is
showing the equal economic impacts in the recent 2 decades
(1991–2013). Therefore relative economic impacts comparison
shows an interesting way to look at how a country feels or has
the capacity to deal with economic impacts of disasters.
Now, one can also argue that total economic losses recorded in
the history could also be an indicator of how much an individual
country is losing in total, and whether that amount has been
changing over the time. Therefore, we also looked at the total
dollar amount of losses without dividing them by the number of
disasters and/or GDP (Fig. S2). We now notice that China is almost
at par with Pakistan, a little bit higher in fact in terms of total
money lost, because, for China the economic losses reported so far
is the highest although they experienced much lower frequency of
disasters within the HKH territory as compared to Pakistan or
other countries over the study period (Fig. 2 and Fig. S1). However,
historically reported disaster losses seemed to have decreased in
China in the recent decade (2001–2013) as compared to previous
decade but for Pakistan and India the opposites are being true
(Fig. S2(A)). Fig. S2(B) shows total economic losses for each
country and decade wise estimates standardized with respect to
2012 GDP values. Nepal is now showing total economic impacts at
par with Pakistan but the recent decade was recorded to be highly
devastating for Pakistan and that for Nepal has reduced over the
decades.
These whole sets of analyses indicate that Pakistan's vulner-
ability is not only in terms of historically recorded high frequency
of disasters, but also in terms of the economic losses. A country's
economic status is a major decisive factor of how the impacts are
being felt and/or dealt with. For example, Afghanistan and Nepal
shows higher economic impacts once we standardize their eco-
nomic damages with respect to the corresponding GDP values.
Therefore, the scale of economic impacts is dependent both on a
country's socio-economic status as well as the frequency of
disasters, which is consistent with the ﬁndings reported by
Mendelsohn (2006).
Fig. 3. Total “reported” economic losses (in US dollar value) from ﬂooding disasters. Y-axis indicates reported economic losses in billions of US dollars per recorded disaster
occurrence within the time interval. (A) Country-wise total economic losses reported over 1951–2013 showing highest losses in Pakistan per disaster occurrence and
followed by China and India. (B) Same as (A) but decade-wise patterns showing Pakistan had the highest amount of economic loss reposted in the recent most decade, which
got higher from the earlier decade (1991–2000), China's reported losses decreased in the recent decade.
Fig. 4. Total “reported” economic losses (in US dollar value) standardized with respect to 2012 GDP estimates (Fig. S3(A)). Y-axis indicates reported economic value in
billions of US dollars per reported disaster occurrence within the time interval per country speciﬁc 2012 or concurrent decadal GDP values. (A) Country-wise “relative”
economic losses indicating highest impacts in Pakistan and followed by Afghanistan and Nepal. (B) Decade-wise economic losses per disaster, standardized with respect to
concurrent GDP values (shown in Fig. S3), showing Pakistan still having the highest economic impacts in the recent decade equaling to the previous decade (1991–2000), but
for Nepal and Afghanistan, recorded economic losses were higher in 1981–1990 as compared to the recent decades.
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4.3. Spatio-temporal pattern of “reported” human losses (morbidity
and mortality)
Historical data also helps us to understand which country is
vulnerable to human losses due to ﬂooding disasters. We deﬁne
human impacts by morbidity and mortality numbers. Because of
the high amount of missing data, we restrict our analysis for
human losses within the last 2–3 decades. When we take a look at
spatio-temporal trends of reported morbidity in the last two
decades, Pakistan again takes the largest share of the pie in terms
of the total people affected due to ﬂooding disasters and that is
followed by India and Bangladesh respectively (Fig. 5(A)).
It is well known that the human impacts are highly driven by
the population exposed to ﬂooding disasters (Federal Emergency
Management Institute (FEMA, 2013)). Fig. 5(B) shows relative
human impacts—the total morbidity per year standardized with
respect to total population currently living within HKH region in
each country boundary. This indicates the highest fraction of
people in Bangladesh living within the HKH region has been
recorded to be most vulnerable to morbidity per year per ﬂooding
disaster, which is followed by Pakistan and other countries. Only
the recent 2 decades (1991–2000 and 2001–2013) are shown in
Fig. 5 because recorded morbidity numbers were missing in the
earlier decades (Table S1).
Fig. 6 shows the decade speciﬁc (A) total reported mortality per
country (in 1000s) over the HKH region and (B) total mortality per
year standardized with respect to total population currently living
within HKH region in each country border. Per historical record,
the number of people killed was highest in India in the recent
decade, which got much higher than the earlier decade, and that is
followed by Pakistan, Nepal, Afghanistan and China respectively
(Fig. 6(A)). To note here that the total number of people died for
China decreased dramatically over the last three decades.
Fig. 6(B) displays relative human impacts—the fraction of people
died every year with respect to the total population living within
HKH region for each country. We notice that this number gets
signiﬁcantly higher for Bangladesh than other countries because
population living in Bangladesh is much lesser than others but
more people die there. Most notably, this number decreases for
China and Bangladesh a great deal in the recent decade but it is
still the second highest in Bangladesh. Now Bhutan is also showing
the greatest vulnerability in terms of people died in the recent
decade than the earlier decades, per historical record.
4.4. State of concurrent weather systems
4.4.1. Timing or seasonality
In addition to occurrence numbers and impacts, it is also
important to look at when in a given year a disaster usually occurs
at a given location. Historical data indicate that the ﬂooding
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Fig. 5. Reported human impacts due to ﬂooding disasters (morbidity). Y-axis
indicates reported total morbidity (in millions) (upper panel) and reported
morbidity per year standardized with respect to total population currently living
within HKH region (lower panel). (A) Total morbidity (affected population in
millions) for each country in the last two decades showing the highest numbers
recorded for Pakistan, and followed by India and Bangladesh (1991–2000 and
2001–2013). (B) Total morbidity per year standardized with respect to total
population currently living within HKH region—indicating the highest fraction of
people in Bangladesh among all other countries are most vulnerable to human
impacts every year, which is followed by Pakistan.
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Fig. 6. Reported human impacts due to ﬂooding disasters (mortality). Y-axis
indicates reported total mortality (in thousands) (upper panel) and reported
mortality per year standardized with respect to total population currently living
within HKH region (lower panel). (A) Total mortality (population died in thou-
sands) for each country in the last three decades showing the highest number
recorded for India in the recent decade that is followed by Pakistan and Nepal.
(B) Total mortality per year standardized with respect to total population currently
living within HKH region—indicating the highest fraction of people in Bhutan and
Bangladesh living within HKH were affected in 2001–2013.
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disasters have a tendency to occur mainly during the summer
season (Fig. 7(A)). This is anticipated because most of the regions
surrounding HKH get high rainfall during southwest monsoon.
Because we include September in the fall season, when monsoon
weather system is still active, many of the ﬂooding disasters in the
western and central region of HKH also occurred in the fall.
However, most of the disasters in the extreme western part of
HKH, and particularly over the northern Afghanistan, occurred in
the spring. That is because westerly weather system is typically
active in this region in the late winter and spring. This seasonality
does not alter in the decade wise maps, shown in Fig. 7(B).
Seasonality of occurrences of ﬂooding disasters speciﬁc to each
country gives indication of the spatio-temporal heterogeneity in
expected timing of disaster events. Fig. S4 displays that the
seasonality in Afghanistan is bi-modal—one is in spring and the
other in the summer. For India, China, and Nepal, disasters occur
mainly in the summer season (July and/or August), indicated by
historical data. The summer season (July, August) is also important
for Pakistan, but there have also been some cases reported in
winter (February) too. In general, the entire HKH region is
vulnerable to ﬂooding events during the summer time (June to
August).
4.4.2. Precipitation
Impact in a given location could also be a function of the length
of a disaster (in days) as well as the magnitude of accumulated
total precipitation in that interval for a given disaster. Accumulated
precipitation magnitude per disaster differs across HKH region, as
shown in Fig. 8(A). There is a clear spatial gradient in it, starting
from the west to the east. The highest amount of accumulated
precipitation is noted in the eastern part of Himalaya falling within
India and Bangladesh, which is also true in the decadal maps. If
we incorporate the varying length of disasters, to study average
precipitation intensity for a given disaster as indicated in Fig. 8(C),
Fig. 8(A) changes to Fig. S5, which also indicates high heterogeneity
of precipitation intensity (mm/day) across locations with higher
intensity of precipitation recorded in northern Pakistan, the central
and the eastern HKH.
4.4.3. Temperature
It is also interesting to take a look at what the magnitude of
monthly mean temperature status was during the disaster
months. Fig. 9(A) and (B) shows that average temperature magni-
tude in a disaster month was generally recorded around 21 1C for
most of the regions. This average number is low because we
incorporate all the seasons and variability in mean monthly
temperature, which was high in the western end than in the
central or eastern regions (Fig. 9(C)). This is because ﬂooding
disasters peak in different seasons in the western part of HKH
(spring/summer in Fig. 7(A) and Fig. S4) when temperatures can
differ drastically. High temperature in the central and eastern part
of HKH help bringing more monsoon moisture towards this region
while in spring and winter, temperature in the western part take a
dominant role to melt snow and glacier ice and contribute to
ﬂooding.
Figs. 8 and 9 are summarized in Fig. S6 where temperature and
precipitation patterns are overlaid with each other to show
composite and/or comparative impacts of meteorological vari-
ables. Fig. S6 indicates that high amount of accumulated precipita-
tion is as important as the monthly temperature magnitude is
during a ﬂooding disaster for the eastern and central Himalaya,
while for the western part, monthly temperature visibly takes a
dominant role than the amount of precipitation. High temperature
in the western part increases the glacier melt, especially during
the beginning of May (Panday et al. 2011), which may enhance the
frequency of disasters. Historical data also indicate that more than
50% of the total reported disasters in each country occurred when
monthly temperatures exceeded the historical average (Fig. S7(A)),
most of which occurred in the summer season (Fig. S7(B)).
5. Summary
Mapping the vulnerability of ﬂooding disasters in the Hindu-
Kush Himalayas is of considerable interest to develop local
adaptive management measures for the communities and building
location speciﬁc resilience to disaster impacts. The range of
topography in HKH makes climate and socio-economic data
availability and their analysis at local scales a challenge. Here we
take a bottom up approach where instead of considering the
whole HKH region and analyzing their climate data, we mine a
disaster database to identify the locations' those were reported to
have experienced ﬂooding disasters and understand patterns of
their economic and human impacts. This way we identify and
report the locations and/or regions, which are vulnerable to
ﬂooding disaster occurrence (where), timing in a year when those
locations are vulnerable in general (or on average), type and
magnitude of impacts (what consequences) they bring to corre-
sponding localities and countries, and what climate factors might
be playing a role (to what they are vulnerable).
High spatial variability in occurrence of ﬂooding disasters was
identiﬁed across the HKH. Parts of northern Afghanistan and
north-western Pakistan in the western HKH showed high vulner-
ability to disaster occurrence, as well as north of India and Nepal,
and some locations within China and Bangladesh in the east of
HKH. Decadal patterns indicated that most disaster cases were
reported in the recent decade (2001–2013) as compared to the
earlier decades. Historically, Pakistan experienced the highest
economic losses per disaster and followed by China and India.
The most current decade reported the highest economic damage
in Pakistan per disaster occurrence. However, when the economic
costs of disasters are standardized with respect to a country's
economy (2012 or corresponding decadal national GDP value),
Afghanistan and Nepal showed up higher impacts in addition to
Pakistan. Therefore, a country's economic status is a major decisive
factor on how the impacts are being felt and/or dealt with.
Regarding human impacts, Pakistan again was largest in terms
of total people affected due to ﬂooding disasters in the history and
that is followed by India and Bangladesh respectively. However, if
population exposed to ﬂooding disasters is considered, Bangladesh
shows the highest vulnerability for the fraction of people living
within the HKH region, which is followed by Pakistan and other
countries. As regards to mortality, the number of people killed was
highest in India in the recent decade, which got much higher than
the earlier decade, and that is followed by Pakistan, Nepal,
Afghanistan and China respectively. However, if one considers
mortality numbers with respect to number of people living within
the HKH region, this number gets signiﬁcantly higher for Bangla-
desh than other countries because population living in Bangladesh
territory of HKH is much lesser than other countries but more
people die there due to impacts induced by different types of
ﬂooding (ﬂash/riverine/cyclone).
Most of these ﬂooding disasters occur in the summer during
active South-west Monsoon that brings cloud bursts or incessant
rains, and some occur in the spring, especially in northern
Afghanistan, which experiences westerly weather system and/or
snow and glacier melt and/or cloud bursts. Therefore, temperature
seems to be most important climate factor in the western region
while both precipitation and temperature are important for the
rest of the HKH region. Temperature usually stays higher than the
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historic average in the disaster months in all over the HKH region,
but the variability is higher in the west.
In summary, complex interactions between biophysical risk
factors, socio-political, cultural and socio-economic conditions, and
the governance/institutional issues (e.g. failure of Early Warning
Systems (EWS)) play a dominant role to deﬁne and characterize
the type and magnitude of vulnerability to ﬂooding disaster occur-
rence and their impacts, and most importantly, there are differential
   1981-1990 1991-2000  2001-2013
Fig. 7. Timing of ﬂooding disasters over the HKH region as per historical record; winter is Dec—Feb, spring is Mar—May, summer or monsoon is Jun—Aug, and autumn is
Sep—Nov. (A) Average seasonality within 1951–2013 showing monsoon season dominance (red color), while spring (green color) and fall seasons (yellow color) being
important for the north of Afghanistan. (B) Average decadal seasonality in the last 3 decades showing similar seasonal patterns as (A).
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capacities of regions to recuperate from past impacts and/or to cope
with and adapt to future impacts, as also detailed in Eakin and Luers
(2006). In addition, it is also desirable to determine which
combinations of attributes best characterize the vulnerability of
speciﬁc regions and develop suitable metrics that can be used in a
variety of settings to reliably link systems attributes (e.g. biophysical
   1981-1990 1991-2000  2001-2013
Fig. 8. Concurrent daily precipitation characteristics. (A) Average magnitude of accumulated precipitation (mm) per disaster showing higher amount of precipitation is
expected in the central and eastern HKH than in the western part. (B) Decadal average magnitude of accumulated precipitation per disaster. (C) Average length of disaster
(in days) showing varying patterns across the HKH.
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and economic) to vulnerability outcomes. Therefore, this begs a
multi-disciplinary, multi-dimensional, and multi-scale understanding
of vulnerability in this diverse region of HKH that helps developing
better maps for distribution of ﬂood vulnerability, outcomes and
potential impacts that can become a central tool for communicating
the results to other academics, researchers, policy makers, and the
Fig. 9. Concurrent monthly temperature characteristics. (A) Average magnitude of monthly mean temperature during disaster months. (B) Decadal average magnitude of monthly
mean temperature during disaster months. (C) Standard deviation of monthly mean temperature during disaster months showing higher variation over the western part.
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community at large, in order for designing location speciﬁc manage-
ment practices and developing adaptive capacity. We acknowledge
uncertainty in the historical data records and therefore a veriﬁcation
of the time trends in losses will be conducted in future using other
available data, as well as accounting for dynamic nature of vulner-
ability and representing other social indicators that may be determi-
nant of vulnerability for particular areas. However, the fundamental
importance of this study lies being the ﬁrst of its kind for the Hindu-
Kush Himalaya region and the synoptic view of presenting vulner-
ability of locations to ﬂooding disasters, which is entirely non-
existent in the literature or in any publicly available reports. Exten-
sions of this work towards understanding the natural and other
socio-economic factors and their combinations are in progress, with
the goal of building a multi-scale prediction model for extreme
precipitation and temperature and their resultant economic and
human losses.
Appendix A. Supporting information
Supplementary data associated with this article can be found in
the online version at http://dx.doi.org/10.1016/j.wace.2014.12.001.
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